Few studies have linked specific sources of ambient particulate matter smaller than 2.5 μm (PM2.5) and asthma. In this study, we estimated the contributions of specific sources to PM2.5 and examined their association with daily asthma hospital utilization in Cincinnati, Ohio, USA. We used Poisson regression models to estimate the daily number of asthma ED visits the day of and one, and two days following separate increases in PM2.5 and its source components, adjusting for temporal trends, holidays, temperature, and humidity. In addition, we used a model-based clustering method to group days with similar source-specific contributions into six distinct clusters. Specifically, elevated PM2.5 concentrations occurring on days characterized by low contributions of coal combustion showed a significantly reduced risk of hospital utilization for asthma (rate ratio: 0.86, 95% CI: [0.77, 0.95]) compared to other clusters. Reducing the contribution of coal combustion to PM2.5 levels could be an effective intervention for reducing asthma-related hospital utilization.
Introduction
Air pollution is a global challenge (World Health Organization, 2018) and has a severe, negative impact on human health (Pascal et Deschamps et al., 2003) . Despite reductions in PM2.5 concentrations in the United States and other developed countries, industrialization and economic growth in developing and highly populated countries have led to an 18% increase in the global population-weighted PM2.5 concentrations from 2010 to 2016 (Health Effect Institute, 2019). In total, 91% of people worldwide experience unhealthy levels of air pollution, contributing to 4.2 million premature deaths (World Health Organization, 2018). In addition to chronic disease and mortality, epidemiologic evidence suggests short-term PM2.5 exposure is associated with the development and exacerbations of asthma (Lam et al., 2016 , Ding et al., 2017 , Stevanović et al., 2006 , Chronic Obstructive Pulmonary Disease (COPD) (Dao et al., 2019) triggering emergency department and hospital utilization in children (Iskander et al., 2012 , Villeneuve et al., 2007 . Asthma is a highly prevalent chronic respiratory disease (Sha et al., 2015) that contributes greatly to morbidity and hospital utilization worldwide. Children are particularly susceptible to PM2.5 related health effects due to their immature immune system (Zhang et al. 2019 ) and ongoing development and growth.
The chemical composition of PM2.5 varies according to its sources (Prieto-Parra et al., 2017), including fuel combustion from mobile sources like vehicles and stationary sources like power plants, industrial processes, and biomass burning (World Health Organization, 2015) . Several studies have aimed to quantify the heterogeneous composition of PM2.5, including identification of distinct multipollutant profiles (Austin et al., 2012) , spatial clustering of air pollution monitoring sites (Austin et a., 2013), analyzing source-specific contributions (Feng et al., 2018) , and studying the effect of individual chemical constituents (Adams et al., 2015) . However, much less attention has been focused on the source-specific contributions of particulate matter to health outcomes (Feng et al., 2018) . Identifying sources contributing to PM2.5 related health effects is critical to control the harmful sources of PM2.5 (Heal et al., 2012) and to identify primary prevention strategies.
In this study, we aimed to determine underlying PM2.5 sources responsible for asthma-related pediatric hospital utilization. Daily estimates of the source-specific contributions of different PM2.5 sources were estimated using a chemical mass balance source apportionment model, and a modelbased clustering method (Fraley et al., 2002) was applied to group days having similar source profiles. Using daily counts of pediatric, asthma-related hospital utilization for one urban county in Cincinnati, Ohio, USA, we then examined whether the type of PM2.5, as determined by daily cluster membership, significantly modified the effect of PM2.5 on hospital utilization.
Methods

Source Apportionment
A chemical mass balance with gas constraints (CMB-GC) model (Pace et al., 1991 , Marmur et al., 2005 , Balachandran et al. 2012 ) was used to estimate the contribution of the sources of fine particulate organic carbon at Ohio from 2011 to 2015. One in every three day PM2.5 and PM2.5 speciation data were extracted from an AirData central monitor for Cincinnati at Taft St. (Taft monitor ID: 39-061-0040) maintained by the Environmental Protection Agency (EPA) and the Southwest Ohio Air Quality Agency (SWOAQA). The data was processed to remove days with missing data, resulting in 668 days of 24-hour PM2.5 and speciation data that were used in the model. Overall PM2.5 was considered as the sum of the sources derived from CMB-GC. The model apportioned PM2.5 to nine sources: gasoline vehicles (GV), diesel vehicles (DV), dust and road dust (DUST), biomass burning (BURN), primary coal combustion (COAL), ammonium sulfate (AMSULF), ammonium bisulfate (AMBUSLF), ammonium nitrate (AMNITR) and secondary organic carbon (SOC).
Health Outcome Data
All emergency department (ED) and urgent care (UC) visits for asthma between 2011 and 2015 were identified within the Cincinnati Children's Hospital Medical Center's (CCHMC) electronic medical record (EHR) based on International Classification of Disease (ICD-9) codes 493.00-493.92) (World Health Organization, 2018). CCHMC is a pediatric academic health center that has a market share of 99% of all hospital admissions, and 81% of all hospital encounters among 0 to 14-year-olds in Hamilton County (Beck et al., 2018) . Hamilton County is located in Cincinnati, Ohio, USA and has 222 urban, suburban, and rural census tracts containing about 190,000 total children. The CCHMC Institutional Review Board approved this study and granted a waiver of informed consent.
Meteorological Data
Daily temperature and relative humidity from January 2011 to May 2015 were obtained from the North American Regional Reanalysis (NARR) dataset (Mesinger et al., 2006 ).
Statistical Analysis
We used Poisson regression models to investigate the association between daily counts of asthmarelated hospital utilization and PM2.5 concentrations on the same day of the outcome as well as one and two days prior. Models were adjusted for day of the week, the day of the year, the presence of a federal holiday in the USA, temperature, and relative humidity. We used one dummy variable to indicate if one of the previous two days was a federal holiday or not and another dummy variable to indicate if the current day was a federal holiday. The continuous day of the year was used to adjust for seasonality and long-term trends by modeling it as a natural cubic spline with 8 degrees of freedom. We adjusted for daily temperature and relative humidity using natural cubic splines with six and three degrees of freedom, respectively, to allow for the non-linear effect of weather conditions. The day of the week was also included in the model as a dummy variable.
To emulate a "naive" approach, we also created similar models separately for each source component of PM2.5. Lastly, we created models where the effect of daily PM2.5 for each day could be modified by cluster membership, described below. This was accomplished by adding an explicit interaction term between the PM2.5 concentration and a dummy variable for cluster membership within each Poisson model to determine if significant effect modification existed. A Chi-squared test was used to determine if there was a significant reduction in the Akaike information criterion (AIC) after the addition of the interaction term. A model with a resulting p-value of less than 0.1 was considered to be significantly modified by the composition of PM2.5. We utilized a model-based clustering method, specifically a Gaussian finite mixture model (Fraley et al., 1998) , to group together days of the study period with similar source contributions. We chose model-based clustering over non-parametric clustering methods, like k-means or hierarchical clustering, to utilize a data-driven method for selecting the number of clusters. In the model-based clustering, we assumed sample observations arose from a finite normal mixture distribution, with a mixture probability or weight. Each component in the mixture model was called a cluster. The mixture model parameters were fitted using an expectation-maximization algorithm (Hastie et al., 2001) . To select the number of clusters, we compared different models with different numbers of clusters and different parameterizations of the variance-covariance matrix and chose the model with the lowest Bayesian information criterion (BIC) (Fraley et al., 1998) . A graph of the BIC for each combination of the number of clusters and variance-covariance matrix parameterizations is included in the appendix ( Figure A.13 ).
To cluster based on the relative contributions of each source, rather than their absolute mass, we expressed each source as a modified Z-score (Austin et al., 2013) . The modified Z-score allowed us to eliminate bias due to differences in scales and prevented outlier values from having too much influence on the cluster selection: 
Results
Demographic Characteristics
From 2011 -2015, the daily total of asthma-related ED visits ranged from 1 to 26, with a median of 7 total visits (25 th percentile: 4, 75 th percentile: 10). Figure 1 shows the dates of our study period arranged temporally and shaded by the magnitude of the total daily visits. The number of total visits was fewer during the warm, summer season consisting of June, July, and August.
PM 2.5 Source Characteristics
Throughout the study period, the median level of PM2.5 was 9.9 μg/m 3 . Summary statistics on the characteristics of PM2.5, sources of air pollutants, and meteorological variables are provided in Table 1 . The daily values of the concentration of PM2.5 and the sources of PM2.5 for the study period as modified Z scores are shown in Figure 2 .
Association between daily PM 2.5 concentrations and asthma-related hospital utilization
We did not observe a significant association between total PM2.5 and the rate of asthma-related hospital utilization. The rate ratio (RR) and 95% confidence interval (CI) for hospital utilization per 10 μg/m 3 increase in PM2 
Association between source-specific PM 2.5 and asthma-related hospital utilization
Model results for each PM2.5 source are shown in Figure 3 . When using individual models for each PM2.5 source, PM2.5 concentrations due to DUST, DV, NH4, BURN, and SOC were not associated with an increased risk for asthma-related hospital utilization. However, there was a significantly increased risk of asthma-related hospital utilization the same day of increased NO3 
Clustering sources of PM 2.5
We transformed the estimated daily source mass estimates into estimated daily fractional contributions to the total PM2.5 mass ( Figure A.11 ). Our study period consisted of 522 total days, and we found that six clusters best fit the source apportionment fractional contributions as modified Z-scores. The heat map of the fractional contributions of the sources to the total PM2.5 mass by cluster membership is shown in Figure 4 . Cluster allocation of days and the mean and variance of the fractional contribution of each source for each cluster are presented in Table 2 . A boxplot of the daily fractional contributions of each source by the cluster is presented in Figure  A .14.
Cluster 1 was allocated 193 days (37% of all days) and was characterized by high dust, SOC, and DV in conjunction with moderately high PM2.5 and SO4 and low NO3. We nicknamed this cluster "high DUST, DV and SOC." This cluster mostly occurred in April (26 days), May (31 days), June (22 days), August (20 days), September (20 days) and October (21 days).
Cluster 2 mostly occurred during the fall. 60 days (11% of all days) were allocated to this cluster and were characterized by high NO3 and low DV in conjunction with moderately high nitrate, GV and DV. We nicknamed this cluster "high NO3 and low DV". It occurred mostly during January (11 days), February (12 days) and March (14 days).
Cluster 3 was characterized by high NO3, NH4, and GV. 105 days (20% of all days) were allocated to cluster 3. This cluster occurred more often in the earlier years. We nicknamed this cluster "high NO3, NH4, and GV". Cluster 3 mostly occurred in January (25 days) February (21 days), March (17 days ) and December (16 days).
Cluster 4 consisted of 81 days (16% of all days) and mostly occurred during the middle of the study period. We nicknamed this cluster "low COAL." It occurred mostly during January (10 days), November (10 days) and December (11 days).
Cluster 5 mostly occurred during the spring and was characterized by high SOC, and COAL. 59 days (11% of all days) were allocated to cluster 5. We nicknamed this cluster "high SOC, COAL." It occurred mostly during July (12 days), August (11 days) and September (11 days).
Cluster 6 was characterized by relatively high contributions by BURN and DUST as well as low contributions by GV, DV, and SOC. Fifteen days (3% of all days) allocated in cluster 6. We nicknamed this cluster "high BURN, with low DV, GV, and SOC." It occurred mostly during May (2 days), June (2 days) and July (7 days). Figure 5 illustrates the temporal distribution of the clusters, with each of the one in three-day measurements colored by cluster membership and arranged by week, month, and year.
Effect modification of PM 2.5 by the cluster-defined fractional composition
Examining the effect modification of daily PM2.5 by cluster membership allowed us to assess the health impact of the composition of PM2.5 independently of its total mass. We found significant effect modification on lag day one (p = 0.004), but not lag zero or two-day effects. For each lag day model, we estimated the individual RR and 95% confidence intervals for each type of PM2.5 composition ( Figure 6 ). Compared to the other clusters, the cluster nicknamed "low COAL" had a significantly lower RR of 0.86 (95% CI: [0.77,0.95]). This suggests that an increase in PM2.5 occurring on days characterized by low contributions of COAL is associated with a smaller increased risk concerning asthma-related hospital utilization in comparison to other types of PM2.5.
Discussion
Overall, our results suggest that specific types of PM2.5 may be more strongly associated with asthma-related hospital utilization. Our novel clustering approach allowed us to examine the effect of the type of PM2.5 independently of the total mass of PM2.5. Specifically, we found that an increase in PM2.5 occurring on days characterized by low contributions of COAL is associated with a smaller increased risk concerning asthma-related hospital utilization in comparison to other types of PM2.5.
Previously, epidemiological studies have also analyzed the adverse effect of PM2. . Several studies highlighted the differential toxicities of fine particulate matter from various sources (Park et al., 2018) and identified various combustion sources (diesel engine, gasoline engine, biomass burning, and coal combustion) and non-combustion sources (road dust including sea spray aerosols, ammonium sulfate, ammonium nitrate, and secondary organic aerosols). Similar to our results, this study also found that the highest toxicity score was obtained for diesel engine exhaust particles, followed by gasoline engine exhaust particles, biomass burning particles, coal combustion particles, and road dust.
It has been of importance to identify the most health-relevant sources of PM2.5, both from a scientific and regulatory perspective (Bell et al., 2012 , Hime et al., 2018 , Heal et al., 2012 . Association between source-specific exposure and adverse health effects plays an important role in protecting public health through the development of primary and secondary prevention strategies (Brook et al., 2004 , Brunekreef et al., 2002 . Even though sources of air pollution are informative, these studies are often challenging to conduct because source-specific exposure is not directly observed but estimated (Zanobetti et al., 2009 ). Frequently, a two-stage approach is applied to estimate the source-specific health effects by adding source exposure assessments into health outcome regression (Krall et al., 2017) .
A major strength of this study is that we used a data-driven clustering approach to identify the sources of PM2.5 and investigate the impacts of the exposure to source-specific PM2.5 on daily asthma ED utilization. Using the fractional contributions of the sources rather than the masses of the sources allowed us to examine the effect of the composition of PM2.5 independently of its mass. Model-based clustering is advantageous compared to other clustering methods, such as k-means and hierarchical clustering because the number of clusters is not preselected, but are selected using a data-driven approach. Another major strength is that we have used a chemical mass balance (CMB) model for PM2.5 source apportionment (Al-Naiema et al., 2018, Ashrafi et al., 2018 , which leverages measurements of actual ambient mass concentrations, unlike other source attribution processes (Pace et al., 1991) . However, several potential limitations should also be taken into consideration. First of all, source measurements were only available once every three days; however, we were able to utilize daily health outcomes by analyzing the lagged effects of exposures one and two days later. Another major limitation is the lack of spatial discrimination concerning the estimated exposure to pollution sources because there was only one monitor in the study region that collected elemental components of PM2.5.
The EPA has established regulatory standards for ambient PM2.5. These standards reflect public health concerns about ambient PM because epidemiologic studies show an increase in adverse health effect and mortality with incremental increases in ambient PM2.5. PM2.5 is regulated to ensure that the smaller particles, which have less mass but might be more respirable and hence toxic. Recent studies have shown that ultrafine particles penetrate the systemic circulation and exert more toxicity than coarse and fine particles because of a higher content of transition metals and redox cycling chemicals. Our study warrants further studies on identifying which types of PM2.5 are most harmful to human health and further explorations into how to direct primary prevention strategies towards the types of air pollution that show the most health effects.
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Figure 3:
Risk ratio for the number of daily asthma-related hospital utilization for a 10 µg/m 3 increase in each source of PM2.5 and for each lag day.
Figure 4:
Heatmap of the sources of PM2.5 as modified Z scores grouped by the cluster.
Figure 5:
Calendar heat map of clusters. PM2.5 was observed only 1 in every three days and days with unobserved PM2.5 are grey.
Figure 6:
Cluster-specific risk ratios and 95% CIs for the number of daily asthmarelated hospital utilization for a 10 µg/m 3 increase in PM2.5 and for each lag day.
